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Abstract

Similar agent skills can share instructions but differ in their condi-
tions of use. Query-based text selection may retain shared instruc-
tions and omit these distinctions. We introduce SkillContrast, a
training-free selector that compares retrieved skills and retains
their differing text with local context for a pretrained reranker. On
1,235 requests from SameCapRisk-Bench, it yields 54-72 more clean
hits—requests that retrieve a helpful skill without its marked risky
sibling—than TF-IDF query selection at identical per-candidate
input lengths, across 2 retrievers and 2 reranker sizes. Length-
matched component replacements identify differing text as the
main contributor in the primary setting, with smaller, mixed context
effects. Relative to full skill bodies, SkillContrast uses 51.1-58.8%
fewer model-input tokens, with 10-18 fewer clean hits at 0.6B and
matching or higher observed clean-hit counts at 4B. Candidate-
relative differences thus complement query relevance in selecting
compact reranking inputs.
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1 Introduction

Agent systems retrieve reusable skills from libraries hosted on
GitHub and agent platforms [4]. Several skills may serve the same
purpose yet require different resources, preconditions, or input
formats. Two migration skills, for example, may describe the same
procedure but target different software versions. Both can look
relevant to a request, although only one meets its conditions. We
study how to make these distinctions visible to a reranker without
passing it every candidate’s full instructions.

Reading full skill bodies exposes information missing from short
descriptions [14]. To shorten the reranker’s input, a selector can in-
stead choose passages—excerpts such as paragraphs or code blocks—
by their query relevance [5]. Yet similar candidates may share the
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most query-relevant instructions while differing in a prerequisite
elsewhere. We therefore ask: can comparing the candidates reveal
useful reranking text that query relevance alone overlooks?

We introduce SkillContrast, which compares textually similar
retrieved skills and retains the blocks where their own instructions
differ, together with opening and preceding context. A pretrained
reranker then scores each candidate’s selected text against the re-
quest, without further training. Skills without a close neighbor
use query-based selection. We use maximal marginal relevance
(MMR) [1] to balance these scores against redundancy when select-
ing the final list. Comparison chooses the text; the reranker judges
its relevance to the request.

We evaluate on SameCapRisk-Bench [3], which tests whether
top-3 results include a helpful skill without its marked risky sibling.
This complements SkillRet’s large-library retrieval evaluation [4]
and R3-Skill’s study of joint compatibility [11]. Our matched-length
comparisons show more clean hits with candidate differences than
with TF-IDF query selection. Primary-setting replacements locate
the main contribution in the differing text. Code and frozen-score
table replay are available at https://anonymous.4open.science/r/
SkillContrast-92C8/.

2 Related Work

Agent skill retrieval. Voyager stores executable skills for retrieval
and reuse [10], while ToolLLM retrieves APIs from a large tool
catalog [7]. These systems select reusable capabilities; our focus is
which text from retrieved skill instructions reaches the reranker.
Body-aware routing [14] and task-specific retrievers [4] improve
query-skill matching at library scale. Among plausible results,
shared descriptions can still obscure suitability. This motivates
query-conditioned compatibility supervision in R3-Skill [11] and
generic-content score calibration in SkillSight [12]. SkillContrast
instead compares similar candidates to select their differing text
for a frozen reranker. This exposes candidate distinctions without
changing the retriever or training a new scoring model.

Text selection for ranking. KeyB [5] selects query-relevant
blocks using lexical or learned scores, while Provence [2] prunes
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query-dependent sentences jointly with reranking. For similar skills,
such selection may preserve shared instructions rather than distin-
guishing conditions. We compare equal-length, training-free selec-
tors to isolate the effect of candidate comparison. List redundancy
is a separate problem addressed by MMR [1] and its probabilistic
batch extension SMMR [6]. We keep ordinary MMR fixed to isolate
the selected text.

3 Method

We ask whether differences improve selection at equal input length
(RQ1), whether the gain comes from differences or context (RQ2),
and how much reranking quality compact inputs retain (RQ3).
Given a request g, let C = (¢y,...,cy) be a fixed retrieved list
and d; the visible body of candidate c;. We select excerpts from d;
to form the reranker input d;. All variants can access the same full
bodies; they differ in the text passed to the neural reranker.

Selecting candidate differences. We represent full skill bodies with
TF-IDF [9], connect candidates whose cosine similarity reaches
0.65, and compare them within connected components. TF-IDF uses
lowercase unigrams and bigrams, with at most 160,000 features; it is
fitted separately on each skill library. Grouping uses no benchmark
family labels. Within each group, we align bodies line by line and
map differences to paragraph and heading blocks, keeping fenced
code intact. An insertion present only in another candidate selects
adjacent text from the current candidate, never text copied across
skills.

For a candidate ¢; with comparison partners, let I; contain the
indices of all other candidates in its connected component, including
indirectly linked candidates, and let A;; index blocks in d; selected
by alignment with d;. Define preceding blocks as P(D) = {b—1:
b € D, b > 0}. The retained blocks A; and difference blocks D; are

Ai — {0} UDi U P(Dl)’ Di = U Al] (l)
Jjehi

We retain A; in source order, counting overlaps once; block 0
provides the opening context. We do not add other text just to
reach the target length. If no difference is found, the selected text is
empty, or it exceeds a 768-token body target, we use the full body.
This target governs text selection rather than imposing a maximum
model-input length.

For a candidate with no comparison partner, we score heading,
line, and sentence units by query—unit TF-IDF, protecting fenced
and inline code. We keep the first unit as context. We then add
positive-scoring units together with their predecessors, up to a
256-token body target. Ties follow source order. Short bodies and
oversized first units use the full body. We also return the full body
if no positive match fits or the exact token-count check detects
overflow.

For candidates with usable differences, we tokenize the full in-
put once and retain the tokens covering the selected blocks and
their separators. Keeping their original order and token IDs avoids
changes from decoding and retokenizing. The query, instruction,
and scoring suffix stay unchanged, and selection uses no help-
ful/risky labels. Extraction and similarity still read full bodies; only
the neural reranker’s input is shortened (Figure 1).
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Scoring and selecting skills. We next rank the selected inputs
using frozen Qwen3-Reranker models [13], scoring each (g,d;)
independently. For rank p; € {1,..., N} with deterministic ties,
let r; = (N — p;)/(N — 1). MMR balances this relevance against
similarity to selected candidates. Given the indices S of selected
candidates, MMR chooses

arg r%%x Ari—(1=2) r}leasx Gij, )

where G is full-body TF-IDF cosine similarity, the maximum is 0
when S is empty, and ties favor the smaller p;. We fix N = 20, K =3,
and A = 0.75.

With no selected candidate, the redundancy penalty is 0, so MMR
chooses rank 1 first. It can diversify later choices but cannot remove
a top-ranked risky skill. Such top-rank applicability errors must be
resolved by text selection and reranking before MMR.

4 Experimental Setup

We evaluate on SameCapRisk-Bench’s 890-unit release. Its 823 main
units produce 1,235 requests: 411 operation-contract, 774 source-
role, and 50 caller-interface. The 67 development units produce
79 requests, excluded from main results. The reproduction bundle
records the exact data identity.

We follow the benchmark’s top-3 evaluation metrics. For each
request, let H indicate a hit on the marked helpful skill and B a
hit on its marked risky sibling. We report R@3 = E[H], harmful
sibling rate HSR@3 = E[B], and CleanHit CH@3 = E[H(1-B)]. A
clean hit retrieves the helpful skill without its risky sibling. These
metrics measure candidate exposure rather than execution failures.

We first compare retrieval pipelines using each baseline’s own
top-20 pool and MMR(0.75). To ask whether candidate differences
improve text selection itself, we then use a 2 X 2 design: SkillSight
and SkillRet candidates, each scored by Qwen3-Reranker-0.6B and
4B. Candidates, full-body similarities, reranker, and MMR stay fixed
within each combination. Both sizes use bfloat16, SDPA, the same
relevance instruction, and microbatch 1. The primary setting for
component and parameter analyses is SkillSight with 0.6B; selector
settings stay the same in the other 3 combinations.

For candidates with usable differences, controls match SkillCon-
trast’s exact input length. Prefix takes the first body tokens; Query-
selected ranks units by query—unit TF-IDF and packs the same
number. A separate Query-context variant replaces preceding-only
context while keeping differences and the first block. To isolate con-
tent choice, all compact strategies share the no-neighbor branch and
full-body fallback, without padding. Packing preserves fenced code
but may end optional prose at a token boundary. If a replacement
cannot fit, we retain the original input.

To identify useful content, we replace differences, the opening
block, or preceding context with equally long query-relevant text.
We change only tokens belonging solely to that component; shared
tokens remain, so replacing context cannot remove a difference.
The BM25-selected control uses BM25 scoring [8], adapting KeyB’s
lexical selection [5] to our source units, input budgets, and reranker.
Paired intervals use 10,000 bootstrap draws stratified by protocol
over 410 benchmark groups (375 operation-contract, 10 source-role,
25 caller-interface), keeping dependent requests together. We report
exploratory 95% intervals and Bonferroni-adjusted 98.75% intervals
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Figure 1: SkillContrast in a reranking pipeline. Our text-selection stage (“Select passages”) retains differences (teal), preceding
context (outlined), and opening context. The frozen reranker and MMR are existing components. Full-body similarity feeds
MMR separately; the query-based no-neighbor branch is not shown.

Table 1: Retrieval comparison on 1,235 requests. All methods use MMR(0.75) on their own top-20 candidates; SkillContrast
reranks SkillSight candidates with 0.6B. Bold: best overall; underlined: best reference.

Generic retrieval controls Public skill retrieval methods Ours
BGE- Qwen-
BGE-M3 reranker listwise RRF SkillRouter SkillRet R3-Skill SkillSight SkillContrast
R@3 T 0.718 0.750 0.764 0.744 0.829 0.801 0.846 0.837 0.867
HSR@3 | 0.172 0.155 0.163 0.228 0.165 0.150 0.137 0.165 0.113
CH@3 17 0.657 0.721 0.704 0.632 0.777 0.758 0.813 0.767 0.837

Table 2: Text selection on 1,235 requests. Each group fixes candidates, reranker, and MMR(0.75); compact strategies match

length. All metrics use K = 3. Bold: best, including ties. Token row: rounded means per candidate, full — compact; reductions
use exact totals.

SkillSight / 0.6B SkillSight / 4B SkillRet / 0.6B SkillRet / 4B
Selection strategy RT HSR | CHT R7T HSR | CHT RT HSR | CHT RT HSR | CH1T
Full body 0.888 0.105 0.852 0.915 0.073 0.898 0.870 0.100 0.837 0.901 0.063 0.886
Prefix 0.828 0.156 0.784 0.840 0.135 0.821 0.791 0.165 0.753 0.811 0.134 0.796
Query-selected 0.829 0.151 0.794 0.877 0.103 0.860 0.803 0.155 0.773 0.842 0.113 0.828
SkillContrast (ours) 0.867 0.113 0.837 0.923 0.061 0.906 0.856 0.099 0.829 0.900 0.057 0.886
Query-context variant 0.871 0.113 0.840 0.922 0.062 0.908 0.854 0.105 0.826 0.899 0.061 0.884

Mean input tokens 786 — 323 (—58.8%) 786 — 323 (—58.8%) 620 — 303 (—51.1%) 620 — 303 (—=51.1%)

for the 4 primary CleanHit comparisons; adjusted intervals have

RQ1: Do differences improve selection at equal length?
limited tail precision.

With candidates, reranker, and MMR fixed (Table 2), SkillContrast
improves helpful and clean hits and reduces risky exposures over
both equal-length controls in all 4 settings. Against query selection,

5 Results and Analysis

Table 1 compares full retrieval pipelines using MMR(0.75). Baselines
use their top-20 lists recorded in the benchmark, while SkillContrast
reranks SkillSight’s list. Its CH@3 is 0.837 versus 0.813 for R3-Skill,
the strongest reference. Because the retrieved candidates can differ,
we fix them below to isolate text selection.

it adds 54 and 57 clean hits on SkillSight with 0.6B and 4B, and
69 and 72 on SkillRet; gains over prefixes range from 66 to 111.
The corresponding adjusted CH@3 intervals are [0.0198,0.0684],
[0.0257,0.0683], [0.0309,0.0808], and [0.0366, 0.0810], all above
0 after correction for 4 comparisons. These gains reflect content
choice, not input length.



Table 3: Component contributions at matched input length
(SkillSight, 0.6B, MMR(0.75), 1,235 requests). Top-3 hit counts;
AClean is relative to SkillContrast (dash: reference). BM25 is
a separate selector control.

Input variant Helpful T Risky | CleanT  AClean
SkillContrast (ours) 1,071 139 1,034 —
Replace differences 995 203 956 -78
Replace first block 1,074 133 1,034 0
Replace preceding context 1,076 139 1,038 +4
BM25-selected 1,000 225 944 -90

Gains concentrate in operation-contract requests across all 4
settings. For example, SkillRet with 4B gains 72 clean hits in this
protocol, versus —2 for source-role and +2 for caller-interface, yield-
ing the overall +72.

RQ2: Do gains come from differences or context? We next
identify which content contributes to this advantage. Replacing
difference-only tokens with equally long query-relevant text loses
78 clean hits in the primary setting (1,034 to 956; Table 3), with 76
fewer helpful hits and 64 more risky exposures. Retaining differ-
ences gives a 6.32-percentage-point CH@3 advantage (exploratory
95% group-bootstrap interval: 4.47-8.16 points). Query-relevant re-
placement does not recover the removed information; the separate
BM25 selector loses 90 clean hits.

In contrast, replacing the opening block or preceding context
changes clean hits by 0 and +4 while retaining differences. Query-
based preceding context gives +4 and +2 on SkillSight with 0.6B
and 4B, but —4 and -2 on SkillRet. Differences drive the primary-
setting gain; query-relevant context can complement them, with
mixed effects across candidate pools.

The matched-length gains persist in local threshold and MMR
scans. Clean hits nevertheless fall to 896 at A = 0.85 as redundancy
receives less weight. The scans vary each parameter separately,
keeping the text-selection targets fixed.

Case study: exposing the requested target.

In Figure 2, query selection retains the shared migration proce-
dure but omits the target versions. The excerpts remain relevant
to the migration task without exposing the condition that distin-
guishes the two skills.

SkillContrast exposes these target configurations. With the
reranker and per-candidate input lengths held fixed, the match-
ing skill moves to the top of the final list. This selected example
illustrates how candidate differences can make applicability con-
ditions visible during reranking.

RQ3: How much quality do compact inputs retain? We now
compare compact inputs with full bodies. The token row in Table 2
reports 58.8% less input on SkillSight and 51.1% on SkillRet at both
model sizes; compact controls have identical totals. Relative to full
bodies, SkillContrast loses 18 and 10 clean hits at 0.6B. At 4B, it
gains 10 on SkillSight and matches SkillRet’s 1,094, with 15 and 8
fewer risky exposures; SkillRet loses 1 helpful hit.
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Request (abridged) | Upgrade to Java 21 / Spring Boot 3.2

Query-selected SkillContrast

“...to the configured “Target stack: Java 21 /
s target.” Spring Boot 3.2 /...”
skila | o® , = -
Target value omitted Matches request
Final rank 5 Final rank 1
“...to the configured “Target stack: Java 8 /
target.” Spring Boot 2.7 /...”
skillB|| ¢ : i J
Target value omitted Different target
Final rank 1 Final rank 5

Figure 2: Two migration skills, 1 requested target (SkillSight,
0.6B). Excerpts are abridged; inputs match length per candi-
date (A: 328 tokens; B: 327). Final ranks use the same MMR
over 20 candidates. Match labels are offline interpretations.

Shorter model inputs do not guarantee a faster pipeline. We timed
a single pass with the 0.6B reranker on the original benchmark data,
rotating strategy order per request. Relative to full bodies, Skill-
Contrast reduced online time by 10.4%, saving 76.8 ms per request.
Timing covered input construction, encoding, 20 model forwards,
and MMR. We compared 1,229 requests valid across strategies. In-
put validation rejected 8 of 3,705 records. Index and source-feature
preparation cost 25.1s and 135.0 s separately. GPU processes were
sampled every second, with no other CUDA process observed. This
single-pass measurement, with CPU exclusivity unverified, sepa-
rates preparation cost from online reranking time.

6 Conclusion

SkillContrast retains candidate differences with local context for a
pretrained reranker. Across 4 SameCapRisk-Bench settings, it adds
54-72 clean hits over TF-IDF query selection at matched lengths.
Primary-setting replacements identify differing text as the main
contributor. It cuts model-input tokens by 51.1-58.8%, with 10-18
fewer clean hits at 0.6B and matching or higher observed counts at
4B.

Our evaluation uses skill text and benchmark annotations, with-
out executing skills or testing agents on users. CleanHit excludes
the marked risky sibling, not all unsafe candidates. Agent use still
requires permission and execution checks. Future work should test
independent skill libraries with labels for applicability. This would
assess whether the advantage transfers beyond this benchmark.
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